ABSTRACT: One aim of synthetic biologists is to create novel and predictable biological systems from simpler modular parts. This approach is currently hampered by a lack of well-defined and characterized parts and devices. However, there is a wealth of existing biological information, which can be used to identify and characterize biological parts, and their design constraints in the literature and numerous biological databases. However, this information is spread among these databases in many different formats. New computational approaches are required to make this information available in an integrated format that is more amenable to data mining. A tried and tested approach to this problem is to map disparate data sources into a single data set, with common syntax and semantics, to produce a data warehouse or knowledge base. Ontologies have been used extensively in the life sciences, providing this common syntax and semantics as a model for a given biological domain, in a fashion that is amenable to computational analysis and reasoning. Here, we present an ontology for applications in synthetic biology design, SyBiOnt, which facilitates the modeling of information about biological parts and their relationships. SyBiOnt was used to create the SyBiOntKB knowledge base, incorporating and building upon existing life sciences ontologies and standards. The reasoning capabilities of ontologies were then applied to automate the mining of biological parts from this knowledge base. We propose that this approach will be useful to speed up synthetic biology design and ultimately help facilitate the automation of the biological engineering life cycle.
O ne of synthetic biology's primary aims is the design of predictable biological systems, thus allowing larger and more complex systems to be successfully designed and built. 1−3 Like most engineering disciplines, in synthetic biology complex synthetic biological systems are typically developed via the composition of simple, modular components. 4−6 In order to ensure that the resulting synthetic systems behave in a predictable fashion, the parts and modules used for biological systems engineering, and the context in which they are deployed, need to be well-understood and well-characterized. 7 However, the lack of well-characterized parts and modular devices, confounded by our limited understanding of biology, is widely recognized as limiting the scale and complexity of current engineered biological systems.
The identification, characterization, and development of new modular parts, devices, and systems requires access to large amounts of biological knowledge. 5,8−11 This knowledge needs to be gathered, integrated, and made accessible to system designers. Furthermore, this knowledge also needs to be made available in a computationally tractable fashion in order to support automation and computer aided design.
Providing such information is challenging. Information is scattered over a range of different databases, which use different formats and have different semantics. 12−14 A major challenge to synthetic biology is bringing together complex, heterogeneous, disparate data sets in a form that will best inform the synthetic biology design process. Moreover, these integrated data sets need to be assembled in such a way that they are easily computationally mined. 15−17 Data mining requires data integration techniques that align disparate representations and semantics to produce a unified domain model. This model can then be mined to extract the necessary information without the need to repeatedly visit large numbers of separate data resources. 18 The integration of biological data is still a major research challenge and has been the focus of an active research effort in the fields of bioinformatics and systems biology. Traditional methods include data warehousing, 18−20 where data from multiple databases is drawn together into a single database. In another approach, termed federated data integration, the data remain in separate databases that are queried in parallel, and the results are integrated before being returned to the user. 21−25 One of the major problems in data integration is the lack of Special Issue: Synthetic Biology in Europe agreement on data formats and variation in the meaning of the data (termed semantics). The value of semantically well-defined electronic representations of data for their integration is now widely recognized, 21, 22, 26 and a technology to exploit unified semantics on the Internet, called Semantic Web technology, has been developed. 27 Semantic Web encourages the use of common data representation formats for data, allowing data to be shared across boundaries and easing the integration process. 18, 28 Ontologies 29 underpin the Semantic Web concept since they can be used to standardize data representation by adding computationally tractable meaning to the syntax of data entities and the relationships between them. 27, 30 In this respect, ontologies are increasingly being recognized as a powerful approach to identifying, integrating, and organizing large amounts of complex data. 25,31−33 Semantic Web technologies have become increasingly popular for modeling, accessing, and exchanging data in the life sciences. 27, 34 Numerous databases now provide data in the Resource Description Framework (RDF; http://www.w3.org/ TR/rdf-syntax-grammar) format. 21 These databases use standard terms from biological ontologies 31, 32 for the annotation of biological concepts and their interactions. Furthermore, off-theshelf tools that support Semantic Web technologies are used for the storage 22 and querying 27 of, and reasoning with, biological data. 25, 35, 36 These technologies are also increasingly being used within the synthetic biology community. Tool and part catalogue developers, representatives from industry and academics, have agreed on a format for the electronic exchange of information about biological designs and their component parts. This format is called Synthetic Biology Open Language (SBOL; http://sbolstandard.org/development/developers). (At the time of writing, SBOL developers are around 120 members from over 50 institutions in 15 countries.) 37 In SBOL, version 1.0, the core data model is small, focusing upon the exchange of sequence-based information. The recently released version 2.0 38 extends the initial data model to capture additional types of design components such as proteins and compounds and the functional relationships between them.
SBOL is valuable for promoting the exchange of synthetic biology designs, for example, between part repositories and design tools. Many SBOL compliant tools are available, and many more are under development (http://sbolstandard.org/ software/tools/). For example, existing data in SBOL format, describing BioBricks from the Registry of Standard Biological Parts, 39 have been made available using an RDF triple store, enabling SPARQL querying of the parts. 40 The utility of SBOL to facilitate data exchange between different tools and different users to carry out tasks that could not be achieved using a single tool was demonstrated recently. In this workflow, SBOL was used to pass designs between a range of different tools to model and combinatorially design a genetic toggle switch for Escherichia coli, which was then codon optimized, and the resulting designs were stored in SBOL compliant repositories. 41 SBOL utilizes standard terms and a standard syntax (based on RDF) to describe synthetic biology designs. The semantics of SBOL entities are described using terms from external ontologies and controlled vocabularies. These terms are useful to unambiguously represent information about biological parts. Ontologies can also be effectively used in other languages and tools for synthetic biology, particularly to help facilitate the development of automated design processes. Using ontologies, large amounts of data about biological parts and constraints about how they work can be presented in a form that is readily utilizable by computational design tools. The availability of biological knowledge in a computationally tractable manner is important to enable the development of tools that will aid in the design of biologically feasible systems. In the process of the ontological modeling of data, a conceptual language is used to define objects and their relationships in order to make data accessible to a wide range of computational tools. The use of logics 34 allows reasoning over the data by employing reasoners, which are used to make implicit knowledge explicit through ontological queries. Although the use of these queries, together with reasoners, can be a powerful tool to mine different types of biological parts from semantically enriched integrated data sets, this approach has not been applied in synthetic biology to the best of our knowledge.
In this work, we demonstrate how designs for parts and devices can be derived from integrated data sources using Semantic Web technology to enhance the synthetic biology design process. We build upon our previous work in the integration of data using a warehousing approach 42 to produce a semantically well-defined knowledge base. We employ the W3C standard specification, the Web Ontology Language (OWL; http://www.w3.org/2004/OWL), to describe biological data and the relationships between those data items that are relevant to the design of synthetic biology parts. The result is a knowledge base to support both manual and automated synthetic biology design.
In order to facilitate the development of this knowledge base, it was necessary to define the metadata underpinning the data entities and the relationships between them in a semantically well-defined way. We therefore developed an ontology (called SyBiOnt) to model the domain of genetic designs in synthetic biology. Information about data items and their relationships was stored as RDF in the form of subject−predicate−object triples in a triple store database (see the Supporting Information). We demonstrated how this data resource could be queried using semantic reasoning and biologically rich queries to mine the knowledge base for new genetic parts and devices. Finally, we exported novel parts represented in the form of the standard interchange format, SBOL. 41 1. RESULTS 1.1. SyBiOnt Ontology. The basic biological parts used in the bottom-up design of synthetic systems include genetic features such as promoters, coding sequences (CDSs), ribosome binding sites (RBSs), terminators, and operators. 7 The relationships among these parts and the gene products they encode, such as proteins, RNAs, transcription factors (TFs), and enzymes, need to be captured in order to design genetic circuits. Moreover, the incorporation of additional information about biological pathways and gene function is necessary to identify appropriate biological parts. Our goal when creating SyBiOnt was to allow a data definition framework to formalize the representation of the information that describes these parts and the relationships among them. SyBiOnt was designed to allow the incorporation of further information in the form of annotations that add extra, useful knowledge such as gene function. The ontology was developed using OWL semantics. The rich expressivity of OWL enables the construction of complex computational queries and automated reasoning across the integrated data.
When using SyBiOnt, types of biological entities, such as protein, CDS, and pathway, are represented as the first level
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Research Article superclasses that are subclasses of owl:Thing in the ontology ( Figure 1 ). SyBiOnt also includes classes for reactions, pathways, microarray experiments, feed-forward loops, data sources, and evidence types. Relationships among these biological entities are also modeled. Such relationships include protein−protein interactions, formation of protein complexes, enzyme interactions with compounds, compound transportation into cells, and TFs binding to DNA sequences.
The first level classes representing sequence-based biological entity types, such as Promoter and CDS, are linked to terms from Sequence Ontology (SO) 32 through subclassing. For example, Promoter is a subclass of the SO promoter term SO_0000167. Other molecules such as proteins, TFs, RNAs, enzymes, protein complexes, and compounds are also modeled as OWL classes. In SyBiOntKB, TFs and their corresponding proteins or RNAs are modeled as equivalent classes and can therefore be used interchangeably in OWL queries. Enzymes are special proteins that catalyze reactions and are modeled as subclasses of the corresponding Protein classes.
Classes that are used to classify or place restrictions on classes representing physical entities include enzyme classifications, KEGG ortholog enzymes, molecular functions, biological processes, cellular components, and the Clusters of Orthologous Groups (COG) classes 43 and categories. The classes MolecularFunction, CellularComponent, and BiologicalProcess are equivalent to Gene Ontology (GO) 31 classes molecular_function ( G O _ 0 0 0 3 6 7 4 ) , b i o l o g i c a l _ p r o c e s s ( GO_ 0008150), and cellular_ component (GO_0005575).
1.2. Development of the SyBiOnt Knowledge Base (SyBiOntKB). As an example of the use of the SyBiOnt ontology, we used the formal data definition framework provided to develop a knowledge base, termed SyBiOntKB, to capture major aspects of the cell biology of Bacillus subtilis in a computationally amenable form. The data to populate this knowledge base were sourced from the previously integrated BacillOndex data set, 42 which includes information from BacilluScope, 44 DBTBS, 45 the Kyoto Encyclopedia of Genes and Genomes (KEGG), 12 KEGG Expression, 46 STRING, 14 GO, and GO annotations. 47 When building an ontology, entities can be modeled as classes or as individuals. In this work, we modeled entities as classes, since classes are beneficial for representing high-level common knowledge in a way that allows automated reasoning and inference. 34 The entities modeled in SyBiOntKB, such as CDSs and proteins, do not represent individual molecules but types of molecules that exist in all cells. Such molecules were therefore modeled with classes. These classes can then be instantiated by individuals. This approach has previously been applied to the modeling of knowledge in Open Biological and Biomedical Ontologies (OBO) and in biomedical knowledge bases that are annotated using the classes from OBO ontologies. 25, 34, 48 For example, the Spo0A protein entity in SyBiOntKB represents a class to which all individual Spo0A protein molecules belong. By relating the Spo0A class to the Spo0B protein class using the "is phosphorylated by" restriction, all Spo0A individuals inherit this relationship. Hence, SyBiOnt and the knowledge base models described shared features of proteins, but they do not describe all properties of individual protein molecules.
In SyBiOntKB, restrictions were usually expressed using OWL's someValuesFrom (some) restriction. 49 For a class A, (r some B) restriction means that for every instance of A there is an instance of B related to A by r. However, such a restriction does not rule out the possibility of an individual being in the same relationship to instances of other classes. For example, a restriction can be used to say that the Spo0A TF binds to the kinA operator. SyBiOntKB represents this restriction as "binds to some kinA operator" on the Spo0A class. The statement does not specify whether or not there are additional operators to which the TF binds. This approach facilitates the modeling of biological entities without making overly restrictive or specific claims. 35 Attributes of biological entities were modeled using OWL's hasValue(value) restrictions.
The resulting SyBiOntKB for B. subtilis includes 42259 OWL classes, with 41 objects, 21 datatypes, and 26 annotation properties. There are 269726 SubClassesOf, 386 EquivalentClass, 169 DisjointClass, and 274003 AnnotationAssertion axioms. As the ontology conforms to RDF and OWL standards, it can be manipulated using existing ontology editors such as Proteǵé(http://protege.stanford.edu), and information can be extracted using reasoners such as Pellet 50 and HermiT. 51 The ontology is also available at an RDF repository to allow the querying of information using standard SPARQL queries (see the Supporting Information). The base URI of the ontology is http://w3id.org/synbio/ont. 
Research Article Figure 2 shows a subset of information about the relationships of the MntR protein as represented using SyBiOntKB. This information includes the molecular functions of the protein, its location, the biological processes in which the protein participates, the CDS encoding this protein, and any DNA binding sequences.
1.3. Testing the Competency of SyBiOnt. The scope of ontologies can be identified with a set of questions, called competency questions. 52 These questions do not have to be exhaustive and can be written informally, but they serve to test whether an ontology contains enough detailed information for its intended application. We used SyBiOntKB to demonstrate the validity of SyBiOnt.
SyBiOnt was designed to answer competency questions that are of interest in the design of synthetic biological systems. With this requirement in mind, a number of competency questions were devised. These questions also serve to demonstrate the power of this approach for deriving designs for engineered biological systems. These questions, and queries that we would make over the ontology, are listed as follows:
• Which parts are SigmaA type promoters? The SigmaA sigma factor is the TF with the accession of "BSU25200" and binds to Promoters, which can be identified as SigmaA Promoters.
• Which promoters are constitutive? SigmaA Promoters that do not have any Operators can be Constitutive Promoters.
• Which parts can be used as inducible promoters?
Operators have regulation type restrictions to indicate whether they are used positively or negatively in regulating gene expression. A Promoter with one Operator part that has the "Positive" regulation type restriction is an Inducible Promoter.
• Which parts are SigmaA type inducible promoters?
Promoters that are both subclasses of SigmaA and Inducible Promoters are candidate Promoters.
• Which parts are regulated by the MntR TF? MntR binds to some (mntA and mntH) Operators.
• What are the nucleotide sequences that the Spo0A TF binds to? Operators that are bound by the Spo0A TF have restrictions on the nucleotide sequence property.
• Which parts encode two-component systems (TCSs)? These parts are CDSs encoding Proteins that have functions of kinase activity and response regulator activity. GO classes GO_0000155 and GO_0000156, respectively, represent these functions.
• Which parts can be used to upregulate the production of ammonium? The Compound ammonia with the accession of "C00014" is produced by Reaction RN:R00131, which consumes the Compound carbamide (C00086). Carbamide is produced by a Reaction that is catalyzed by an Enzyme, which is a subclass of a Protein encoded by the argI CDS with the accession BSU40320.
• Which pathways should be targeted for the overproduction of ammonium? Ammonium is produced by Reactions that are member of the Arginine and proline metabolism and Purine metabolism Pathways.
• How can the Spo0A protein, the master regulator of sporulation, be phosphorylated to trigger sporulation? Spo0A is phosphorylated by the KinC and Spo0B Proteins. The Spo0B Protein is phosphorylated by Spo0F Protein, which is further phosphorylated by the KinA and KinB Proteins.
• What are the possible NAND gate promoters? NAND gate Promoters can be searched for in the list of Promoters that have two Operator parts with Negative regulation type restrictions.
• Which parts should be upregulated to increase mannose compound transport to the cells? The "D-mannose 6-phosphate Compound with the accession of C00275 interacts with a ProteinComplex. ManP and LevF Proteins are part of this complex. 1.4. Mining SyBiOntKB for Biological Parts. SyBiOnt can be used to answer certain types of questions in a richer fashion than a conventional relational database. As an example, we showed how automated reasoning over this ontology could be used to identify parts and devices that could be used in synthetic designs. Particularly, we focused on the automated identification of promoters that could be used as logic gates (such as inducible or repressible), the building blocks of many synthetic biology designs. We then demonstrated the mining of CDS parts based on the molecular functions of their encoded products. In principle, the textual descriptions of classes from Figure 2 . An example of protein relationships captured in SyBiOntKB. The diagram shows a subset of the relationships for the protein MntR, modeled as restrictions on object properties, such as encodedBy and hasFunction. The information includes the molecular functions of the protein, where it is located, a biological process in which the protein participates, the encoding CDS, and its binding sequences.
Research Article the ontology could be read by eye and used by humans to make assertions manually, but the use of automated reasoning vastly speeds up the process. Automated reasoning is a much faster computational way of extracting information from the ontology.
The automating reasoning process requires two steps that were carried out as follows. First, we specified a question by stating the conditions that must be fulfilled to provide answers to this question. 53 The logical reasoner was then used to search the ontology to provide these answers in a rapid and efficient manner. For example, the Protein and (hasFunction some "kinase activity") query was used to classify kinases (the GO term for kinase activity is GO_0000155). In practice, to provide the correct format for the reasoner, the query was implemented as an OWL class with the necessary and sufficient conditions, 35 which requires that all subclasses must be Proteins and must have the hasFunction "kinase activity" restriction.
In order to classify promoters that can be used as logic gates, first, their operator subparts were classified. This process requires information about whether an operator is involved in negative or positive regulation. To enable operator classification in SyBiOnt, operator classes have hasValue restrictions on the regulationType property that specify that binding is for either activation or repression with a regulationType value of Negative or Positive, respectively (Figure 3) . In total, 
Research Article 333 repressor and 222 activator sites, with known nucleotide sequences, were classified.
Promoters were also classified in a similar fashion, according to their regulation type. Classes were defined for inducible, repressible, and constitutive promoters. In addition, a range of classes were defined to classify promoters according to their sigma factors.
The positions of the operators in promoters and the cooperativity in TF binding results in different transcriptional logic gate behaviors. Transcriptional logic gates are useful parts for circuit implementation in synthetic biology. For example, a promoter with two activator sites can function as an AND or an OR gate. 54−56 Conversely, a promoter with two repressor sites can function as a NAND or a NOR gate. 54, 56, 57 Thus, we attempted to use reasoning over the ontology to find examples of promoters from B. subtilis that could be used as the basis of logic gates.
First, we set out to mine for inducible promoters with a single operator acting as an activator site. Therefore, inducible promoters were identified that possessed only one operator for an activator TF (Figure 4 ). In total, 51 promoters were identified. A subset of these promoters is shown in Figure 5 . This subset was termed InduciblePromoter.
Second, 85 repressible promoters that bind a repressor using a single operator (and act as one-input inverters) were mined by using reasoning over SyBiOntKB and classified as RepressiblePromoter. The corresponding class definition for mining the ontology therefore specified that a repressible promoter has only one operator for a repressor TF ( Figure S3 ).
Third, we mined the ontology for transcriptional AND gates or OR gates. These kinds of gates can be formed from promoters with multiple activator sites. For this exercise, we limited the scope to two activator sites. In order to mine for examples of promoters that could act as AND or OR gates, a class InduciblePromoterWith2Operators was defined and used to identify 15 promoters that possessed two activator binding sites ( Figure S4 ).
NAND and NOR gates can be also constructed from promoters with multiple operators. In this case, these operators correspond to repressor binding sites. We therefore defined a RepressiblePromoterWith2Operators class to identify promoters of this type. Twenty-five promoters that possessed two repressor binding sites were identified in SyBiOntKB ( Figure S5 ).
Promoters were also classified based on the sigma factors of RNA polymerase that can be used to add specificity for a given promoter class. For example, the SigAPromoter is a promoter to which the RNA polymerase subunit sigma A binds. Sigma factors in SyBiOntKB are represented as transcription factors and can be identified using their accession identifiers (e.g., BSU25200 for sigma A). Such a promoter may be a core SigA promoter or a composite promoter that includes a core SigA promoter ( Figure 6) Constitutive promoters are dependent only upon RNA polymerases, and their definition does not rely upon information about transcriptional regulation. In B. subtilis, SigA promoters without any TF binding sites are constitutive promoters. To classify constitutive SigA promoters, the ConstitutiveSigAPromoter class was defined as a subclass of both the SigAPromoter and ConstitutivePromoter classes. In addition, a restriction class was added to specify that these promoters cannot have any operators ( Figure S8 ). As a result, 311 constitutive promoters were identified.
Many synthetic biology projects focus upon the use of regulators such as transcriptional activators and repressors 56,58−61 and sensory systems such as two-component systems (TCSs).
62−66 Similar to TFs, TCSs have the potential 
Research Article to be used as modular biological parts. 62 These systems can be introduced into other host cells that do not have any analogous systems, hopefully providing well-isolated circuits. To contribute to the list of available CDS parts in these categories, CDSs were classified as transcriptional activator-, transcriptional repressor-, kinase-, or response regulator-encoding CDSs. In order to classify CDS parts that encode transcriptional repressors, the RepressorEncodingCDS class was defined as a CDS that codes for a protein that binds to at least one repressor site (Figure 7 ). These repressor sites have known nucleotide sequences. Therefore, reliable parts that encode and provide binding sites can be retrieved as pairs. Similarly, the ActivatorEncodingCDS class was defined as a CDS that codes for a protein that binds to at least one activator site ( Figure S9 ). Using the reasoners, 44 activator-and 55 repressor-encoding CDSs were identified.
When using SyBiOnt, CDSs that encode TCS kinase and response regulators are classified based on the relevant GO terms. A CDS that encodes a protein that has the GO_0000155 molecular function (two-component system sensor activity) is classified as a KinaseEncodingCDS class (Figure 8 ). Similarly, a CDS that encodes a protein that has the GO_0000156 molecular function (two-component response regulator activity) is classified as a ResponseRegulatorEncodingCDS class. Using this approach, in total, 40 kinaseand 38 response regulator-encoding CDSs were identified.
SyBiOnt includes a variety of information about biological entities, attributes, and relationships that can be used to automate the identification of CDS parts. COG numbers and the GO molecular function, biological process, and cellular component terms can be used to classify gene products and hence to find the CDS that encodes a given protein with a given function. Furthermore, classes such as RNA, TF, and Enzyme may be used to specify the roles of gene products more explicitly.
1.5. Mapping SyBiOnt to the SBOL Data Model. One of the advantages of representing knowledge in a computationally tractable format is that it can be readily exported in a different exchange languages. In order to demonstrate this process, we exported the SyBiOnt ontology in SBOL format. While there are a range of data formats capable of representing genetic designs (Genbank, EMBL, etc.), we chose SBOL since it was developed specifically for representing synthetic biology designs. The ability to represent these designs in standard formats makes it easier to exchange designs among these tools, part catalogues, and synthesis companies, ultimately enhancing reproducibility of synthetic biology designs. SBOL was developed to address this issue and provide a standard format for the exchange of synthetic biology designs. 37 Sequence-based features and their part-whole hierarchy of part composition were expressed in SBOL. These SBOL encoded parts could then be exported and imported for reincorporation into SyBiOntKB as required.
In the SyBiOnt ontology, promoters, CDSs, terminators, shims, RBSs, and operators are basic biological parts and have corresponding OWL classes, with specified nucleotide sequence restrictions. These sequence features were modeled with the DnaComponent class of SBOL. In SyBiOnt, some sequencebased features such as operator sites were modeled, via SBOL annotations, as part of other features. For example, a promoter with two operator sites can be modeled as a DnaComponent with two annotations that have operators as subcomponents.
Sequence annotations in SBOL include the start and end positions of sequence features. Although such information does not exist directly in the ontology, it can be inferred from the chromosomal start and end positions. SBOL's DnaSequence class is used to represent nucleotide sequences. Although SBOL provides terms to describe the relationships between sequence features and their sequence annotations, information about these sequence features is represented with RDF resources that represent individual sequence features. 40 Therefore, individuals representing sequence features were created and mapped to the SBOL data model in SyBiOnt.
Rule-based mapping is one way of presenting the data from SyBiOnt in SBOL format. Example rules include "If a SyBiOnt class inherits from Promoter, then it is associated with a 
Research Article DnaComponent individual in the SBOL representation" and "If a Promoter has Operator parts, then the DnaComponent associated with this Promoter has Operator annotations that are also DnaComponents" (Figure 9 ).
Classes were mapped using five rules:
• If a class is a subclass of Promoter, RBS, Operator, Shim, Terminator, or CDS, then there is an individual resource that has the type sbol:DnaComponent. Another type is the class from SyBiOnt, for which the individual is created.
• The sbol:dnaSequence property identifies the resource that includes the nucleotide sequence of an SBOL individual using the sbol:nucleotides property. The sequence is extracted from the restriction on the NA property of the class from SyBiOnt.
• A sequence feature individual that is part of a DnaComponent individual is also a type of sbol:DnaComponent.
• If a sequence feature class includes another sequence feature class, then the individual of the former has an sbol:SequenceAnnotation resource describing the start and end locations of the annotation. The annotation resource's sbol:subComponent property identifies the individual of the latter class.
• The start, end, and strand properties of an sbol:SequenceAnnotation resource are inferred from the genome positions of the parent and child classes. SyBiOnt contains 7754 DnaComponent parts that can be exchanged using SBOL. For each OWL class representing a sequence feature, an individual of type DnaComponent was created. The SBOL model enforces the rule that each DnaComponent resource must be a type of sequence feature from the SO. SO-based superclasses included in SyBiOnt are used to infer these types. The names, descriptions, and nucleotide sequences of the resources were extracted from the OWL classes and stored using the rdfs:label, rdfs:comment, and sbol:nucleotides properties, respectively.
Relationships of type hasPart were used to create SBOL sequence annotations. Differences between the genome positions of sequence features linked by a specific relationship were used to calculate the sbol:bioStart and sbol:-bioEnd properties of the sequence annotations. The sbol:subComponent property was used to identify the sequence feature resources used for annotation. Figure 10 shows an example of a promoter in SBOL format. The resource is of both types sbol:DnaComponent and so:SO_0000167 (promoter sequence), classes that are both mandatory in the SBOL model. In addition, the resource is also of type bo:2685 from SyBiOnt. The promoter has an annotation identified by the sbol:annotation property.
DISCUSSION
Currently, the synthetic biology design process is often limited by access to biological knowledge and access to the sequence of suitable parts. The data to provide this knowledge often exists, but it is fragmented in a variety of databases across the world, in different formats and of varying quality. In this work, we aimed to demonstrate the power of an integrative approach to design in synthetic biology, where data from remote resources can be sourced, integrated, and mined to aid in the design process.
In particular, we show the value of ontologies for integrating disparate data sources and providing a standardized data model for helping to define these resources and the information necessary to aid in the design of engineered biological systems. We have developed an ontology for application to data integration and mining in synthetic biology. To our knowledge, this is first report of an ontology designed specifically for synthetic biology. Using this ontology, we have demonstrated this integrated approach to produce an exemplar data warehouse populated with data about the model Gram-positive bacterium B. subtilis derived from many different data sources. We now aim to extend our approach to other model organisms with rich data resources such as Escherichia coli and Saccharomyces cerevisiae.
One of the advantages of ontologies over other data models is that they can be reasoned over. Reasoning over an ontology is a much more powerful and expressive method of data mining than querying over a standard relational data model. 22 Ontological reasoning can include implicitly derived facts and can answer conceptual as well as extensional queries. We show how SyBiOntKB captures domain knowledge about B. subtilis using description logics and can be queried using existing ontological reasoners. We also demonstrate how OWL queries, in the form of OWL classes, can be used to mine SyBiOnt.
Finding suitable parts for producing designs of engineered biological systems is a time-consuming process. Integrating data sources also brings together information about the sequence of genetic parts with data about their functional characteristics. The incorporation of this type of information allowed us to mine SyBiOntKB for genetic parts of a given type. We showed, Figure 10 . Shows an example of a promoter in SBOL format. The resource is of both types sbol:DnaComponent and so:SO_0000167 (promoter sequence), classes that are both mandatory in the SBOL model.
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Research Article as an example, how operators that have binding sites for repressors or activators were identified. Furthermore, we also showed how promoter classes can be assigned different types of class membership based on information about the type of transcriptional regulation and sigma factors involved in transcriptional initiation. Examples for the functional classification and mining of parts, such as the identification of CDSs that encode activators, repressors, kinases, and response regulators, were also identified. Furthermore, we also developed more complex and rich queries to mine examples of devices potentially encoding logic gates and to address more high-level questions with respect to the analysis and design of biochemical pathways and regulatory systems. These examples are only a very limited subset of the possible types of parts that could be mined and design questions that can be addressed. We hope that development and use of this ontology serves as a model for how automated reasoning can be used to inform design in synthetic biology.
When developing SyBiOntKB, we have tried to reuse existing standard formats and ontologies wherever possible. SyBiOnt, therefore, builds on and incorporates other well-used standards such as GO and SO. For example, the classification of CDSs in SyBiOntKB is achieved by defining classes that refer to GO terms. In addition, the SBOL data model has been used to provide terms to model biological parts for computational access; therefore, these terms can be applied to standardize the querying of sequence features from SyBiOntKB. In addition to building genetic designs, the information from the ontology can also be used as a basis to create and annotate computational models of synthetic systems. In the future, we will seek to expand SyBiOnt still further, with the help of the community, to incorporate further ontologies such as the Systems Biology Ontology. 67 The availability of SyBiOnt also promises to provide a unifying semantics for the expansion of the SBOL standard, potentially proving a way to match the semantics of the entities in the core data model to entities in extended, attached data items such as dynamic models and experimental data.
The SyBiOntKB ontology captures information in a computational and programmatically accessible fashion in a standard format. As a result, information about biological parts and molecular interactions captured within it is available in a form suitable for the automated design of complex and largescale biological systems. We envisage that data warehouses built using the SyBiOntKB ontology can provide a useful resource to enhance the process of biodesign automation. Since data warehouses that employ SyBiOntKB can be made available in RDF form as triple stores, the data is also available to integrate with the vision of the Semantic Web. 27 In summary, here, we demonstrated the use of data integration and automated mining of biological parts for synthetic biology. We used ontologies to represent extensive biological data formally for computational access. This approach has allowed us to write complex queries that could not be executed previously in an automated fashion in order to classify biological parts. The resources presented here will accelerate further data integration and mining of data and will facilitate scaling up the designs of biological systems using computational approaches, advancing the field of synthetic biology.
METHODS
3.1. RDF Graph Representation of Biological Data. Information about the biological entities, their relationships, and attributes from the previously developed integrated knowledge base for B. subtilis, BacillOndex, 42 was initially converted into RDF triples, which were then used to build the SyBiOnt ontology and the knowledge base using OWL axioms. The data set was read into Ondex 68 and exported as an RDF graph. The graph was saved as a single RDF file containing triples for entities, relations, and attributes, together with the Ondex metadata, including annotations regarding entity and relation types and the relation hierarchy. The BacillOndex RDF graph was then converted into OWL format in order to formally model the B. subtilis domain knowledge as an ontology.
3.2. Building the Ontological Representation in OWL. The resources that represent entity types and their associated entities from BacillOndex were modeled as OWL classes in the ontology. The relations and attributes of entities were modeled as subclass restrictions on these classes. This approach allowed the knowledge from BacillOndex to be made explicit for machine access and to have reasoning capabilities over the data.
Scripts, in the Clojure programming language, were developed to map the RDF model to OWL using the Tawny-OWL API. 69 Tawny-OWL allows the definition of ontology classes both programmatically and using a domain specific language (DSL); hence, it facilitates the rapidly development of large ontologies. The Clojure programming language was chosen since Tawny-OWL is also available in Clojure and existing Java libraries can still be used. The programmatic approach was used to map the RDF data to OWL, and the DSL provided by Tawny-OWL was used to manually define additional SyBiOnt classes. The DSL is designed to be human readable and similar to the widely used Manchester Syntax (http://www.w3.org/TR/owl2-manchester-syntax), with the advantage of easily validating OWL classes using a standard integrated development environment such as Eclipse (https://eclipse.org). The resulting ontology was exported in the form of RDF and was stored in the Sesame RDF triple store (http://www.openrdf. org).
Information representing biological entities was modeled as a class hierarchy. Associations between biological entities were modeled as OWL restrictions. To model biological constraints not represented in the RDF, closure and disjoint axioms and cardinality restrictions were added to the OWL representations.
3.3. Mining SyBiOntKB. OWL classes with necessary and sufficient conditions 25, 35 that identified genetic entities relevant to synthetic biology design were defined. These conditions were used to provide logical definitions of classes 53 for the computational classification process. These conditions were implemented in the SyBiOntKB classes using restrictions acting as superclasses. When implemented via equivalentClass axioms 70 by defining additional classes, such restrictions become necessary and sufficient conditions.
Criteria described in defined classes were used by reasoners to categorize classes. After reasoning, new subclass relationships were inferred between classes with necessary conditions and these defined classes. As a result, these defined classes acted as queries for mining part descriptions from the OWL representation of the data. OWL reasoners, including FaCT++ 71 and HermiT, 51 were run to execute these queries programmatically using the Tawny-OWL library or manually using Proteǵe. In these queries, subsets of SyBiOntKB, which were created programmatically, were used to improve the query performance.
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The classification of entities such as promoters in terms of their compositional features requires that the set of features is explicitly specified and that these compositional features can be distinguished from each other. 35 Therefore, in order to classify a promoter with only one TF binding site, in addition to the necessary condition to have an operator, the sufficient condition that this operator is the only binding site must be included. Such a sufficient condition can be provided by closure axioms, which are used to indicate that no other information except what is provided would be available. 49 These closure axioms were added to the ontology using OWL's universal allValuesFrom (only) restrictions. 36, 72 The number of operators for a promoter was made explicit in the ontology using cardinality restrictions to facilitate reasoning about the number of a promoter's inputs. In OWL, these restrictions are used to describe the minimum, maximum, or exact number of relationships for a class. Figure 11 shows a promoter, PromoterX, and its cardinality restrictions. The promoter has precisely one OperatorA and one OperatorB, which are explicitly defined as two disjoint operators. In addition, the universal hasPart only (OperatorA or OperatorB) closure axiom is added to specify that the promoter can have only OperatorA or OperatorB. Reasoners can therefore infer that PromoterX has exactly two distinct operators.
In order for reasoners to distinguish a promoter and its operators, we wanted to normalize the ontology and make all the sibling classes disjoint. However, adding these disjoint axioms for all classes reduced the speed of reasoners. Instead, disjointness was defined between the promoter and operator superclasses, making all of the operators subclasses disjoint from all of the promoter subclasses. Disjointness axioms were then added to operators that are part of the same promoters.
3.4. Constructing SBOL Parts. SBOL mapping of classes representing DNA-based parts was carried out using the Jena API (http://jena.apache.org) and SPARQL 73 queries. Rules that provide the mapping between the ontology presented here and SBOL objects were implemented as CONSTRUCT queries, allowing the returning of query results in the form of RDF graphs that can directly be used to update the underlying graph data. RDF rule-based mapping was used to map all classes representing sequence features into the corresponding SBOL, version 1.0, RDF representation. These SBOL RDF data were imported back into the RDF triple store.
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